Urbanization reflects the overall behavior of human society; thus, characterization of its associated spatial and temporal trends has been extensively researched. This study examines the process of urban expansion in the Huaihe River Basin (HRB) which is a key transition region within China's urban system. In order to grasp the urban expansion process in different temporal sequences objectively, rapidly, and accurately, we used remote sensing data to assess the urban expansion in time and space. Urban expansion rules were defined for the urban area, urbanization intensification, extended dynamic degree, and spatial pattern. The research findings show that the urban area expansion speed was at medium level throughout the entire HRB and within each province. Presently, the formation of a whole urban agglomeration or urban system is not complete in the HRB; urban expansion in the HRB displayed space-time disequilibrium tendencies during 1998-2013.
Introduction
Urbanization is an important spatial expression of the human social development process [1] . The similarities and differences between different types of urban expansion can be analyzed by reconstructing the urban expansion process, thereby revealing the inner and outer driving mechanisms in the emergence and development of urban land [2] . In 2008, for the first time in history, the world reached an important milestone: half of the world population was shown to live in urban areas. Moreover, most of the urban population growth has been occurring in developing countries. The space occupied by urban areas is increasing faster than the urban population itself. Between 2000 and 2030, the world's urban population is expected to increase by 72%, and the built-up areas of cities of 100,000 people or more could increase by 175% [3] . Dramatic urban expansion has occurred universally in developing countries in recent decades [4] , and problems such as environmental contamination and urban flooding have consequently emerged [5] . The Huaihe River Basin (HRB) in China represents a transition region between the north and south areas of China's urban system and has a large population, rich resources, and relatively rudimentary development. HRB has experienced high population growth in the past two decades, particularly after the Chinese reform and opening. As a result, intense competition of land for residential, industrial, agricultural, and other developmental uses is increasing in the absences of a clear urban growth policy and adequate control. The Press Conference on New Urbanization Plan of China [6] stated that the Government has supreme authority in formulating the country's urbanization policy and can promote the balanced development of geographical space to create new regional economic growth poles. Therefore, this region holds great theoretical and practical significance for studies of sustainable development in regional towns. The focus of the present study is reconstruction of urban extension process of this area in different time periods by using remote sensing data.
Remote sensing images contain large amounts of information of continuous space and time characteristics, which enable cyclical simulation analyses of urban expansion at different scales [7] . This approach is advantageous for extracting urban information on individual cities or large metropolises to analyze the changes in urban land. This can be accomplished by using high resolution remote sensing images [8, 9] such as those provided by Landsat satellite data [10] , SPOT (Satellite Pour l'Observation de la Terre) satellite data [11] , and ZY-3 (Ziyuan-3) satellite data [12] , as well as radar data [13, 14] . High precision information for urban extraction can be achieved by merging several data sets [15, 16] . However, owing to the large amounts of imagery data required, studies can be constrained by the high costs of obtaining coverage; thus, small coverage analyses with monoimages are often used to extract information on single cities [17] . Remote sensing images with low resolution can also be used, which are derived from DMSP/OLS (Defense Meteorological Satellite Program/Operational Linescan System) data and MODIS (Moderate Resolution Imaging Spectroradiometer) data; such data have been used to generate static city global maps [18] . In the early 1970s, researchers developed a linear scanning business system known as the OLS of the United States DMSP that can capture urban lighting data at night in cloudless cases; such data were found to be useful for studies of urbanization [19] . Currently, DMSP/OLS data are widely used by scholars at home and abroad as effective data sources for monitoring human activities and researching urbanization [20] [21] [22] [23] [24] [25] .
Two types of methods are used to extract urban information from DMSP/OLS data. The first category is selected for image segmentation according to the area threshold, and the second is characterized by image classification, which uses pixels as the basic unit. The latter includes mainly classification methods that employ support vector machines (SVMs) [26] and the method of linear decomposition of mixed pixels [27] . The first method is complex and timeconsuming at both the regional and global scales, particularly when applied in research areas showing development differences among towns [28] . Compared with the threshold dichotomy, the method of image classification circumvents the threshold determination, which converts the process of urban information extraction into a classification problem whereby urban information is distinguished from noncity related information. Combining SPOT-vegetation (VGT) data, which reflect the amount of vegetation cover, with DMSP/OLS data can improve the accuracy of information extraction in urban areas. Some studies have demonstrated that remote sensing data can be used with multiple sources and low resolution for research involving urban information extraction [29, 30] . Hence, for research of large areas and long time series of the urban expansion process, the extent of urban and make maps for spatial analysis can be extracted on the basis of DMSP/OLS data and SPOT-VGT data along with the SVM classification method [31, 32] .
OLS sensors neither perform data correction nor consider atmospheric changes. Interference from clouds and pollution must be considered as influencing factors of the continuity and truth of DMSP/OLS and SPOT-VGT data sets during collection [33] , which limits the applications of the extracted urban information for the two types of data.
The present study has three main objectives. First, on the basis of the mutual correction of the light data and reconstruction of the quality of the Normalized Difference Vegetation Index (NDVI) derived from SPOT-VGT data, this study aims to extract urban spatial information in the experimental area by using SVM methods. Second, an accurate reconstruction of the spatial and temporal patterns of urban expansion in the HRB is attempted by using remote sensing data. Finally, on the basis of the reconstruction of the sequences of time and space involved in the process of urban expansion, this study discusses the urban expansion process detected in the HRB, thereby providing technical support and decision-making references for regional urban planning and development efforts.
Study Area
The HRB is located in the eastern part of China between the Yangtze River and the Yellow River basin and spans Henan, Hubei, Anhui, Jiangsu, and Shandong provinces with a total area of 2.7 × 105 km 2 . The HRB connects the east and midwest regions of China and is the central economic zone between the Yangtze River Economic Zone and the Yellow River Economic Zone. These regions have multiple transitivity on nature and society including transitions in climate, agriculture, and culture. The HRB population is 170 million, accounting for 12.3% of the Chinese population. This high population density has an average of 611 people per square kilometer, which is 4.8 times the average Chinese population density [34] . Because the HRB is a natural geographic unit, it has not overlapped with various administrative unit boundaries. Therefore, this study includes only 33 urban areas of the HRB, which have complete administrative units ( Figure 1 ).
Data and Methods

Data Processing Flow.
In this paper, the HRB urban location information for 1998, 2001, 2004, 2007, 2010 , and 2013 was extracted by using multisource remote sensing data, and expansion of the urban system was analyzed. The specific process employed is shown in Figure 2 .
First, multiple sensor DMSP/OLS and SPOT-VGT data were used for mutual correction and data preprocessing. Second, we used the SVM classification method to extract urban information for the experimental area. Finally, we analyzed the extraction results regarding the index features and spatial characteristics from global and various regional perspectives to obtain the expansion rules of the HRB for 1998-2013.
Data and Preprocessing
(1) DMSP/OLS Data. The DMSP/OLS lighting data were used for urban information extraction and were downloaded from the United States National Geophysical Data Center (NGDC) [35] . To ensure that the DMSP/OLS data in the long time series have continuity and comparability, data correction was performed manually. According to the principle of accumulating high digital number (DN) values and good continuity, this study applied the data the F16 satellite recorded in 2007 for reference. Specifically, from this reference data, the lighting data at night for Jixi City were compared with our data set [24] .
(2) SPOT-VGT Data. This work employed a data set of NDVI remote sensing data compiled from synthetic images that were composed over 10-day periods by the SPOT-VGT satellite; these data were obtained from the Belgium Flemish Institute for Technological Research [36] . This study used the data to improve the extraction process for urban information, and NDVI data were extracted for the long time series. Because NDVI data reflect changes in vegetation, those in the time series illustrate the rising, falling, and stable trends in vegetation in the HRB. In this study, quality reconstruction work for the NDVI data was conducted by using the Moving Weighted Harmonic Analysis (MWHA) method [33] .
(3) Other Secondary Data. Auxiliary data that were used in this study included data on administrative divisions, statistical, social, and economic data [37] .
Extraction Method for Urban Spatial
Information. This study employed the SVM method to extract the urban information for the entire research extent during the different time periods. The principle of SVM is that certain nonlinear mapping (kernel functions) of the input vector map is changed into a high-dimensional feature space, where it can build the optimal separation hyperplane. The algorithm establishes a decision function, and the data can be classified during testing as being the most accurate through the decision function. The decision function is calculated by formula (1) in the nonlinear case.
Among these terms, ( , ) is the kernel function, NSV is the standard supporting vector number, is the set of the standard supporting vector, is the set of the supporting vector, and is a Lagrange multiplier. The key link of the SVM algorithm is the choice of the kernel function, and the kernel function selected needs to be suitable for the Mercer's conditions [38] . In the process of classification, the pixels are divided into the urban category. The initial samples in that category are combined as training samples for the urban reclassification. This iterative process is repeated until no new pixels for urban category are present during the separation. All of the pixels for urban category at this time are the final classification results.
The DMSP/OLS and SPOT-VGT data were applied to the data merging steps as follows. First, the DMSP/OLS and SPOT-VGT data were pretreated to obtain strong continuity and consistency of the DMSP/OLS and NDVI results. The DMSP/OLS results are based on the cumulative DN value and the good continuity principle of the intercalibration data. Second, the principle for the selection of the training samples was determined. Here, the DN values greater than or equal to 40 pixels were used as urban area training samples, that is, as seeds, and DN values less than 40 and NDVI values greater than or equal to 0.4 pixels were used as nonurban area training seed samples. Finally, the two types of data were combined. We used the SVM classification method to extract the urban information.
Analysis Method for Urban Expansion
Average Annual Rate of Change in the Urban Expansion
Area. The average annual change rate of the urban expansion area is the average growth rate of the urban area per year, as shown in formula (2).
which represents the growth rate of the urban area in the time period. and represent the urban area for times and , respectively, where time follows time .
Intensity of Urban
Compared with the average annual rate of change in urban expansion, the UII introduces the regional urban area to carry out standardized treatments, which makes the expanding speed of different periods of urban area utilization more comparable; it also illustrates the relationship between urban area and nonurban area during the expansion of urban area. The formula for calculating the UII is as shown in formula (3).
Among these terms, UII is the period of the urban expansion intensity index, represents the end point for the urban area, denotes the early urban area, is the urban area within the study area, and is the length of the study period, where the units are in years.
Dynamic Degree of Urban Expansion.
The annual average rate of change in urban expansion reveals the change in urban expanding area only in terms of the absolute volume. The dynamic degree of urban expansion introduces the initial urban area in the annual average rate of change, which means that the calculation results can reflect the relative dynamic changing rate of urban expansion. The formula for calculating the dynamic degree of urban expansion is shown in formula (4).
wherein is the dynamic degree of urban expansion in the study time period, represents the urban area at the end, is the initial urban area, and is the interval length of time, where the units are in years.
Spatial Characteristics of Urban Expansion.
The spatial feature structure changes during the processes of development and expansion of a city. Gao et al. [39] divided the urban expansion in China into the following four types: (1) filling type, (2) epitaxial type, (3) enclave type, and (4) corridor type. Urban extension axes are an indispensable part of the spatial structure of urban expansion and can be divided into two types based on the angle of the extension of the urban area: (1) extension axes along land transportation lines and (2) extension axes along the river system. In the course of the actual expansion of the urban area, along the stretching axes formed two main types of urban space: centralized types of urban space and multiple grouping types of urban space.
Results
In this study, urban information for the HRB was extracted from 1998 to 2013; the results are shown in Figure 3 . The urban system space-time evolution laws of the HRB over the 16 years period were analyzed from the perspective of global and regional aspects based on the extraction results.
Average Annual Change Rate for the Urban Expansion
Area. The gradually increasing urban area was the most significant and intuitive feature of the urban expansion. The changes in urban area within the HRB are shown in Figure 4 .
Overall, the urban area in the HRB increased between 1998 and 2013. The growth rate from 1998 to 2001 was slow, although the urban area showed a marked increase after 2001. The urban expansion increased linearly from 2001 to 2013.
As shown in Figure 4 , from 1998 to 2013, the urban area's annual growth rate in the HRB did not maintain a rising trend. Specifically, the growth slowed between 1998 and 2001 and increased suddenly in 2001. Thereafter, the fast growth stage continued, and the growth rate reached 665.33 km 2 per year from 2001 to 2004, which was the largest value detected. The growth slightly decreased from 2004 to 2007; afterward, the growth continued at a rate of 550-650 km 2 per year. On the whole, the average annual growth rate of the HRB urban remained in a relatively stable state.
Urban Expansion Intensity.
In this study, 33 urban areas were analyzed according to the urban expansion intensity, as shown in Table 1 . Table 1 shows that in most of the HRB, the UII values were minimum for 1998 to 2001 and maximum between 2007 and 2013. In Henan province, the UII values of Zhengzhou were obviously higher than those in the other cities for each period, and the index values for Xinyang were relatively low. In Anhui province, the UII reached 0.8 from 2001 to 2007 and, then, plunged to 0.05 between 2007 and 2010; the urban expansion intensity of the other regions was relatively stable. In Jiangsu province, Taizhou's UII values maintained a high trend from 1998 to 2013, and a peak of 2.05 appeared between 2010 and 2013. As a whole, the urban expansion intensity of Jiangsu province was slightly higher than that of the other three provinces from 1998 to 2013.
Dynamic Degree of Urban Expansion.
According to Li et al. [40] and the situation in HRB, urban expansion in the basin was divided into five types: slow speed expansion, at ( ≤ 5); low speed expansion, at (5 < ≤ 10); medium speed expansion, at (10 < ≤ 20); rapid speed expansion, at (20 < ≤ 25); and high speed expansion, at ( > 25). growth rate, rapidly developing urbanization, and emerging urban regions. Figure 4 , the expansion of most urban areas in the HRB in 1998 to 2013 was extensive type; that is, the urban expansion occurred at the original edge of the city. In addition, new urban regions were identified around expanding cities such as Zhengzhou, Linyi, Suqian, Yancheng, and Xuzhou, which reveal the features of an enclave. In Pingdingshan and Lianyungang, urban expansion as appeared to be corridor type; that is, linear extension occurred along a particular direction, usually for traffic lines or river systems. Within the extent of the HRB, the spatial form of most expanding cities appeared to be block-shaped. In addition, the extension shaft of Lianyungang and Pingdingshan was long and extended along a particular direction with the entire city assuming a strip form. Linyi urban expansion was multidirectional and appeared to be star-like. In Huaian and Yangzhou, urban expansion in 1998 and 2001 translated into massive urban areas in 2001 and 2004. Jining had multiple independent urban areas, revealing the trend of connecting urban outer contour with each increasing urban range. From the perspective of a different province, the expansion degree in Zhengzhou was the most rapid in Henan province; that in Anhui province was average. The expansion degree in Xuzhou was the most rapid in Jiangsu province, and that in Jining and Linyi was higher than the expansion degree in other cities in Shandong Province.
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Spatial Characteristics of Urban Expansion. As shown in
Discussions
During the study period, built-up areas increased rapidly, and the distribution urban expansion was not balanced both temporally and spatially. For example, the value at southeast coast was higher than that in other areas and peaked in 2013. These results are in agreement with the basic trend of China's urban expansion. Considering the dynamic expansion, the overall expansion of the HRB and the provinces were low and medium speeds. Overall, in addition to that in Zhengzhou, Linyi, and Xuzhou, urban expansion between 1998 and 2013 in the rest of the urban areas of HRB was not huge. After development, the urban distribution was more dispersed; the urban density was not high, and the study area did not form a complete urban agglomeration. The expansion of Xuzhou from 1998 to 2013 can be divided into three stages; 1998-2004 was a low speed development stage. Although the urban areas expand annually, the elasticity coefficient of the urban areas increased but still did not meet the nonagricultural population growth. 2004-2010 was a rapid development stage. The elasticity coefficient of urban growth jumped to 2.49 (Table 3) , which is classified as rapid expansion. This indicates that the speed of construction land expansion was too fast in this period, which opened the national real estate market and created a relationship with economic construction. However, the uncoordinated growth of construction land and nonagricultural population led to an unreasonable land use pattern, which to some extent increased the carrying capacity of land to result in agricultural land loss. In 2010-2013, the relative relationship between the rate of urban expansion and the growth rate of the nonagricultural population was more harmonious, although it was still slightly higher than the population growth rate. This paper analyzed the correlation of urban expansion from the aspects of population and economy. The urban nonagricultural population and the GDP (Gross Domestic Product) data characterize the urban population and economic conditions. SPSS (Statistical Product and Service Solutions) was used to analyze the correlation among builtup areas, populations, and the GDP. The results show that the correlation coefficient between the built-up areas and the GDP was 0.89 with significance over 95%, which indicates that Xuzhou had a strong positive correlation between GDP and built-up areas. Population growth is an important driving force for urban expansion. An increase in urban population has strongly promoted the construction of commercial and residential buildings, the construction of public transport facilities and urban public infrastructure, and the development of urban secondary and tertiary industries, thus accelerating the expansion of built-up areas and promoting the process of urban expansion. On the contrary, the expansion of the built-up areas attracts additional labor to engage in nonagricultural activities, resulting in a corresponding increase in the number of nonagricultural population. The correlation coefficient between built-up areas and nonagricultural population in Xuzhou was 0.88 with significance more than 95%; that is, the nonagricultural population in Xuzhou strongly correlated with the built-up areas. These results show that the built-up areas in Xuzhou between 1998 and 2013 correlated strongly with the nonagricultural population and the GDP, which shows that the expansion of population, economy, and built-up areas is mutually influenced and promoted. Economic development and the increase in nonagricultural population has greatly promoted the expansion of built-up area.
It should be noted that, owing to the complexity of the surface features, some nonurban pixel light noises remained in the nighttime light data. Furthermore, geometric correction was not adopted; therefore, error can be introduced in the location and false positives can be generated. Accordingly, the geometric correction of light data should be studied to improve the accuracy of information extraction in the future. The HRB includes characteristics such as a high population density and an obvious contradiction between the water supply and demand. Considering these features in disaster-prone areas, follow-up research can explore various natural factors, the relationship between economic and political factors, and the development of urban areas in the HRB to analyze the driving forces on urban expansion.
Conclusions
This study used remote sensing data and processed night light data and NDVI data in a long time series. The SVM classification method was used to extract urban information, and urban expansion rules were analyzed in the HRB. The main conclusions are given in the following points:
(1) DMSP/OLS night light data and SPOT-VGT data were selected to examine urban expansion. The SVM classification method was used for extracting urban information.
(2) The urban expansion processes between 1998 and 2013 in the HRB were reconstructed, and quantitative analysis was performed from the aspects of urban area size, expansion intensity, expansion dynamic degree, and expansion pattern.
